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Abstract

Background: Single-photon emission computed tomography (SPECT) encounters difficulties in diagnosing severe

multi-vessel coronary artery disease (svMVD) because of balanced ischemia. We estimated the predictive value of

electrocardiogram-gated SPECT for svMVD and improved it using machine learning (ML).

Methods and results: We enrolled consecutive 335 patients (median age, 74 years; 255 men) who underwent

adenosine stress-gated SPECT (
99m
Technesium) and coronary angiography. svMVD was defined as three-vessel

disease or left main tract stenosis. Predictive models were constructed using statistical and MLmethods. Eighteen

cases (5%) showed svMVD, and diabetes, summed stress score (SSS), and the max difference among segmental

time of stroke volume per cardiac cycle (MDSV: a parameter of left ventricular [LV] end-systolic dyssynchrony)

on adenosine stress were independent significant predictors. The area under the receiver operating characteristic

curve (AUC) of SSS and MDSV on stress were 0.759 and 0.763, respectively. Conversely, the extra trees classifier

and light gradient boosting machine had improved AUC values of 0.826 and 0.870, respectively, and the MDSV

on stress and diabetes showed high feature values in the ML models.

Conclusion: ML on SPECT helped to improve the diagnostic performance of svMVD and diabetes, and the

parameters of LV dyssynchrony played essential roles in the ML predictive models.

Keywords: Max difference among segmental time of stroke volume per cardiac cycle, Machine learning, Multi-

vessel coronary artery disease, SHapley Additive exPlanation method, Single-photon emission computed

tomography
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M
ulti-vessel coronary artery disease (MVD) has been

recognized to be serious heart disease. Recently,

percutaneous coronary artery intervention was reported to

have no advantage to optimal medical therapy even for

patients including MVD cases (1). However, the study

excluded left main tract (LMT) lesion, and triple vessel

disease is still considered to bring worse prognosis (2). Severe

MVD (svMVD) defined as triple vessel disease and/or LMT

lesion is considered as life threatening disease, and it is still

inevitable to be treated by coronary re-vascularization.

Single-photon emission computed tomography (SPECT) is

a common tool to evaluate myocardial ischemia. However, it

has limited capability when considering patients diagnosed

with MVD (3). The summed stress score (SSS) and summed

difference score (SDS) are used to evaluate myocardial

ischemia. However, the diagnostic performance is inadequate

in MVD cases because of balanced ischemia (4). Several

procedures have used SPECT for diagnosing MVD effective-

ly. Transient ischemic dilatation (TID) of the left ventricle

(LV), caused by stress, is a well-known predictor of MVD.

Conventionally, the accuracy is reported to be low (5). The

washout ratio of
201
Thallium-Chloride SPECT on stress is
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reported to be a predictor of MVD (6); however, its accuracy

is limited, and it gives patients a higher exposure dose than
99m
Technesium (

99m
Tc). Hida et al. reported that the LV

dyssynchrony parameters of electrocardiography (ECG)-gated

SPECT on stress were useful for evaluating MVD (7);

however, few studies have evaluated this hypothesis.

Conversely, machine learning (ML) has been rapidly

developed and applied to SPECT, to detect myocardial

ischemia (8). Several ML models of SPECT have demons-

trated a relatively high diagnostic performance (9, 10), but

there are few studies that utilize ML for MVD; notably, there

are no studies on the parameters of LV function and

dyssynchrony.

This study evaluated the predictive value of ML on ECG-

gated SPECT for svMVD and investigated the predictive value

of LV dyssynchrony parameters.

Methods

Study patients

The inclusion criteria were patients aged >18 years who

underwent both adenosine stress ECG-gated
99m
Tc SPECT and

coronary angiography within 3 months at Yokohama Minami

Kyosai Hospital. The exclusion criteria were as follows:

patients having no sinus rhythm, with a history of surgical

coronary artery bypass grafting, and whose images showed

poor/small LV cavity (end-systolic volume ≤15 mL). From

June 2013 to January 2022, we recruited consecutive 335

patients (median, 74.0 years [interquartile range (IQR): 68,

79], 255 men). The primary reasons for SPECT were as

follows: chest pain in 117 patients, abnormal ECG in 40

patients, follow-up for ischemic heart diseases in 129 patients,

congestive heart failure and low LV ejection fraction in 34

patients, and other causes in 15 patients. The median pre-test

probability of coronary artery disease was 36% [IQR: 22%,

53%], which was estimated in the previous report (11).

Positive criteria for svMVD was defined as three-vessel

disease or left main tract stenosis, with an excluded side-

branch stenosis having a more rigid definition than that

described in a previous report (12). Positive coronary artery

stenosis was defined with >75% stenosis and a positive

fractional flow reserve (FFR) value of ≤0.80 (13). FFR was

evaluated with a pressure wire by hyperaemia evoked

following nicorandil infusion into the coronary artery, as

previously described (13). The ethics committee of Yokohama

Minami Kyosai Hospital approved the study protocol, and

written informed consent was obtained from all participants

prior to the study.

ECG-gated SPECT

The semiconductor cadmium zinc telluride (CZT) -based

ultrafast cardiac camera system (Discovery NM 530c
Ⓡ
; GE

Medical Systems, Milwaukee, WI, USA) was utilized and

operated on a Windows-based workstation (Xeleris
Ⓡ
TM3; GE

Medical Systems, Milwaukee, WI, USA); it can evaluate

patients having high degree of wall motion abnormalities (14).

The radioisotope dose of
99m
Tc was 740 MBq/person, and the

images were acquired and reconstructed using a gamma-

camera system with a multiple-pinhole collimator and 19

stationary CZT detectors, as previously described (15).

SPECT on stress was performed using adenosine injection

(120 µg/kg/min) by stress first procedure, and with 3 hours

interval between stress and rest. Myocardial perfusion was

estimated using Heart Risk View-S
Ⓡ
and LV function by Heart

Risk View-F
Ⓡ
(Nihon Medi-Physics Co., Ltd., Tokyo, Japan),

based on the standard database of the Japanese Nuclear

Cardiology Working Group 2007 (16). The gating frames per

cardiac cycle were 16, and the LV time-volume curve was

constructed to estimate the LV volumes and functions, which

was previously described (17). Diastolic functions were

assessed using peak filling rate. The summed rest score, SSS,

and SDS were measured as myocardial perfusion, as

previously reported (18).

LV dyssynchrony was estimated using a two-phase analysis

method. The first was the onset analysis of LV contraction

(Figure 1, left side). The distribution of the LV contraction

onset was presented in a 360° polar map and in a phase

histogram, and 95% of the width of the phase histogram

(bandwidth) and the phase standard deviation (SD) were

calculated. The second analysis was of the end-systole of the

LV contraction (Figure 1, right side). From the time-volume

curve of the LV 17 segments, the time from the beginning of

the cardiac cycle to the end-systole was defined as the time to

end-systole (TES). The SD of TES per cardiac cycle was

defined as SD-TES (%), and the maximum difference among

segmental time of stroke volume per cardiac cycle was defined

as MDSV (%) (19). All parameters on adenosine stress had

prefixes added: prefix ‘s’ (ex. ejection fraction [EF] on stress

as sEF), and at rest prefix ‘r’ (ex. rEF).

Statistical analysis and predictive model construction by

statistical procedures

Numeric variables are displayed as median values [IQR:

25% value, 75% value]. To compare the svMVD (+) and

svMVD (-) groups, the Mann-Whitney test used numeric

variables. Fisher’s exact test evaluated differences in

categorical variables. All parameters were evaluated using

univariate logistic regression analysis, and among the

significant predictors, a pair of parameters having multicol-

linearity was extracted. Multicollinearity was defined as a

correlation coefficient >0.90, and a parameter with a larger P

value in univariate logistic regression was excluded. After the

procedure, a multivariate logistic regression analysis (stepwise
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regression) was performed, and significant independent

predictors were estimated.

From the receiver operating characteristics (ROC) curve

analysis of the independent predictors, the cut-off value that

showed the highest specificity/sensitivity set was measured.

The data over and below the cut-off value were considered

positive and negative, respectively. The diagnostic perform-

ance of the predictors was evaluated and compared using a

confusion matrix and Cramer’s V analysis (20).

Statistical significance was set at P<0. 05. All statistical

analyses were performed using EZR (Saitama Medical Center,

Jichi Medical University, Saitama, Japan), which is a

graphical user interface for R (The R Foundation for Statistical

Computing, Vienna, Austria) (21).

Predictive model construction by machine learning

As ML methods, we adopted two established ML models:

an extra trees classifier (model_ET) (22), a light gradient

boosting machine (model_LGBM) (23). These models were

built using PyCaret, which is an open-source wrapper over

several ML libraries in Python with a low-code environment

(24). Eleven ML models were evaluated by PyCaret

simultaneously, and the top two models with high area under

ROC curve (AUC) were model_LGBM and model_ET. Input

data was selected by univariate analysis for svMVD and

prepared as csv form, and output data was 0 (no svMVD) or 1

(svMVD) which is diagnosed by probability was over and

below 0.5. All data (335 cases) were randomly split into 70%

(234 cases) training data and 30% (101 cases) validation data.

Ten random predictions and validations were conducted.

Because of the imbalanced dataset (small number of svMVD

cases), we applied one of the oversampling methods, adaptive

synthetic sampling (ADASYN), on the training data, as

previously described (25).

To estimate the feature importance of the models, the

SHapley Additive exPlanations (SHAP) method was intro-

duced to train the data (26). The optimal Shapley values for a

game are the basis of the SHAP method, and its summary plot

combines feature importance with effects.

Results

Of the 335 cases, 18 (5%) showed severe MVD, and its

breakdown is shown in Table 1. Table 2 presents a comparison

between the svMVD (+) and svMVD (−) groups. Univariate

logistic regression analysis extracted 15 significant predictors

of the extracted data, which are marked with asterisks (*) on

the P-values in Table 2. A multivariate analysis (stepwise

regression) showed that diabetes (odds ratio: OR 23.8, P=

0.004), SSS (OR, 1.10; P<0.001), and sMDSV (OR, 1.03; P=

0.045) were significant and independent predictors. The ROC

curve analysis showed that the AUCs of SSS and sMDSV

were 0. 759 and 0. 763, respectively. Table 3 presents the

performance results of the three predictors and ML predictive

models. Because of the imbalanced dataset (only 5% svMVD

cases), the diagnostic performance was not evaluated in terms

of specificity and sensitivity but in terms of positive predictive

value, sensitivity, and F1-score which were the harmonic

means. The F1-score for diabetes, SSS, and sMDSV were low
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Figure 1 Two methods of estimating left ventricular dyssynchrony.

Left side figure: phase histogram of one cardiac cycle, which shows the onset timing of LV contraction.

Bandwidth: 95% bandwidth of the histogram; phase SD: standard deviation of the histogram. Figure on the right side

shows 17 segmental time-volume curves of one cardiac cycle, which shows the end-systolic timing of each segment

(blue arrows).

SD-TES: standard deviation of time to end-systole of 17 segments, MDSV: maximum difference among

segmental times of stroke volume (difference between the earliest and the latest end-systole in 17 segments).



(0.186, 0.208, and 0.211, respectively). Conversely, the ML

predictive models demonstrated higher AUCs and F1-scores

than those of the three predictors. The AUCs of the ML

models were 0.826 for model ET, 0.870 for model LGBM,

and the F1-score were 0.500, and 0.429, respectively.

Figure 2 shows the SHAP values of the features on the

models. The red point indicates svMVD (+) and the blue point

svMVD (−) cases. The Shapley value of each feature is

displayed on the x-axis, (defined as the SHAP value), in which

a large (right side) value corresponds to a positive contribution

to the model. In both models, the sMDSV and diabetes showed

high feature values for building the models.

Discussion

We investigated the predictive value of ML for severe MVD

and found that MDSV was an excellent predictor of stress,

similar to SSS. The three ML models improved the diagnostic

performance of statistical predictors. In the ML models,

sMDSV demonstrated high feature importance as well as

SHAP value, which is a novel method of explainable artificial

intelligence (xAI).

Left ventricular dyssynchrony and multi-vessel disease

As the myocardial perfusion score on SPECT is evaluated

by comparing each segment with a healthy segment, the score

and polar map expression tend to be normal in MVD patients.

Hida et al. reported that the degree of LV dyssynchrony of the

onset of contraction predicted MVD, and they described a

possible theory (7): LV dyssynchrony was induced by two

different mechanisms: a temporal delay and contractile

disparity. In the case of MVD, the LV contraction onset

becomes random and reveals contractile disparity. However,

with respect to the temporal delay of LV wall contraction, the

end-systolic timing is substantially superior to the convention-

al parameters of contraction onset, such as phase SD and

bandwidth. The evaluation of LV dyssynchrony on SPECT,

which utilized the onset of contraction, was first reported in

2005 (27). The method of LV end-systolic timing is simple

and estimated with a time-volume curve of 17 segments,

which was first demonstrated in 2009 (28). Although the end-

systolic method is easily measured, the onset method has been

developed and applied. Conversely, the end-systolic method is

the main and well-studied method in ultrasound echocar-

diography (UCG). Li et al. made time-volume curve by UCG

and evaluated LV dyssynchrony by disparity of timing of end-

systole (29). From the analysis, they concluded that LV

dyssynchrony was associated with high Gensini scores, which

indicated the presence of complex coronary artery stenosis.

Lee et al. reported that even in patients with normal LV EF,

mechanical dyssynchrony occurred in patients with coronary

artery disease, without prior myocardial infarction and narrow

QRS complexes (30). Patients diagnosed with svMVD as well

as only heart failure patients with wide QRS should be

evaluated with LV dyssynchrony, especially with MDSV.

Machine learning and myocardial ischemia

Several ML models have been reported for predicting

coronary artery stenosis using SPECT. Guner et al. reported

that utilizing myocardial perfusion image data and ML (a

neural network), the presence of coronary artery disease could

be diagnosed with high AUC (0. 74), similar to that of an

expert physician (0. 84) (31). Arsanjani et al. demonstrated

that a boosted ensemble was capable of diagnosing coronary

artery disease with high accuracy (0.757) using only the total

perfusion deficit score and TID data (9). Recently, a few

reviews have been published on ML and cardiac imaging were

published (8), but there are few studies on SPECT and

coronary artery disease: there is no report on analysing LV

functional parameters, including parameters of LV dyssyn-

chrony.
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Table 1 Breakdown of coronary artery disease

Location Number

No lesion

196 cases

Lesion (+)

139 cases

Single vessel

91 cases

LAD alone 48

RCA alone 29

LCx alone 14

Double vessel

30 cases

LAD+RCA 12

LAD+LCx (excluding LMT) 12

RCA+LCx 6

svMVD

18 cases

Triple vessel disease (including LMT) 13

LMT stenotis (excluding RCA stenosis) 5

Severe multi-vessel disease (svMVD) was defined as three-vessel disease or left main tract

(LMT) stenosis.

LAD: left anterior descending, RCA: right coronary artery, LCx: left circumflex.



Model_ET is an ensemble learning method that is composed

of a large number of decision trees, and the method to divide

trees is not the best fit but a random choice of the Gini

coefficient or entropy (22). As a result, model_ET can

maintain a high performance in the presence of noisy features,

and it is advantageous when the importance of each variable is

relatively low. In the present study, all predictors were

significant, but their importance for svMVD was limited;

model_ET was suitable for constructing a good predictive

model.

Model_LGBM shows excellent diagnostic performance on

table data (23). The model adopts the boosting method, a

series data composition instead of bagging (bootstrap

aggregating; used in the random forest method). The learning

speed is faster than that of the parallel data composition of

bagging. The decision tree of the model is a leaf-wise tree

growth method that is much faster than the level-wise tree

growth method (used in ex. XG boosting). Moreover, various

hyperparameter tunings can be performed in the model. As a

result, model_LGBM is advantageous if the number of
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Table 2 Comparison of two groups and logistic regression for severe multi-vessel disease

svMVD (+)

(N=18)

svMVD (-)

(N=317)

Univariate Multivariate

OR 95%CI P OR 95%CI P

Age (y) 72 [66, 77] 74 [68, 79] 0.967 0.92-1.01 0.146

Male (N, %) 16 (89%) 239 (75%) 2.610 0.59-11.6 0.207

HTN (N, %) 12 (67%) 240 (76%) 0.642 0.23-1.77 0.391

HL (N, %) 16 (89%) 207 (65%) 4.250 0.96-18.8 0.057

DM (N, %) 17 (94%) 148 (47%) 19.400 2.55-148 0.004
＊

23.8 2.83-200 0.004

CKD (N, %) 6 (33%) 85 (27%) 1.360 0.50-3.75 0.547

MI history (N, %) 6 (33%) 66 (21%) 1.900 0.69-5.26 0.215

rHR (bpm) 78.8 [67.5, 84.0] 69.0 [62.0, 77.0] 1.040 1.00-1.08 0.029
＊

rEDV (mL) 105.2 [79.2, 133.5] 87.0 [71.6, 110.5] 1.010 1.00-1.02 0.028
＊

NA

rESV (mL) 50.3 [28.5, 68.2] 29.2 [20.9, 45.9] 1.010 1.00-1.03 0.009
＊

NA

rEF (%) 54.2 [47.0, 64.1] 65.6 [56.6, 71.9] 0.952 0.92-0.99 0.005
＊

rPFR (EDV/sec) 2.2 [1.4, 2.9] 2.1 [1.7, 2.6] 0.856 0.53-1.72 0.662

rBandwidth (degree) 60 [42, 74] 38 [27, 54] 1.020 1.01-1.04 <0.001

rPhase SD (degree) 16.6 [10.9, 24.0] 10.1 [7.2, 15.0] 1.070 1.03-1.12 0.001
＊

NA

rMDSV (%) 13.3 [10.1, 21.5] 11.9 [8.9, 16.9] 1.020 0.98-1.06 0.427

rSD-TES (%) 3.95 [2.77, 5.66] 3.34 [2.41, 4.66] 1.130 0.96-1.33 0.147

sHR (bpm) 72.5 [67.0, 80.8] 68.0 [61.0, 75.0] 1.030 1.00-1.07 0.039
＊

sEDV (mL) 112.1 [82.6, 142.9] 87.2 [72.3, 112.2] 1.010 1.00-1.02 0.028
＊

sESV (mL) 54.0 [31.9, 74.7] 30.2 [21.6, 48.3] 1.020 1.00-1.03 0.005
＊

sEF (%) 51.0 [46.9, 61.2] 64.5 [55.3, 70.8] 0.939 0.90-0.98 0.001
＊

NA

sPFR (EDV/sec) 1.6 [1.1, 2.4] 2.1 [1.6, 2.5] 0.563 0.27-1.18 0.129

sBandwidth (degree) 79.5 [62.5, 116.8] 53.0 [39.0, 76.0] 1.020 1.01-1.04 <0.001
＊

sPhase SD (degree) 22.2 [17.6, 34.3] 14.7 [10.3, 21.5] 1.050 1.02-1.09 0.002
＊

NA

sMDSV (%) 26.0 [16.9, 31.5] 12.7 [8.8, 19.3] 1.050 1.02-1.08 <0.001
＊

1.030 1.00-1.06 0.045

sSD-TES (%) 6.7 [4.3, 8.5] 3.5 [2.4, 4.9] 1.210 1.09--1.35 <0.001
＊

NA

TID 0.99 [0.94, 1.09] 1.00 [0.96, 1.06] 0.548 0.005-62.3 0.804

SRS 14 [6, 26] 8 [5, 14] 1.090 1.04-1.15 0.001
＊

SSS 19 [13, 25] 10 [5, 15] 1.100 1.05-1.15 <0.001 1.100 1.04-1.17 <0.001

SDS 4 [1, 7] 1 [0, 4] 1.070 0.99-1.17 0.096

Explanation of all parameters on adenosine stress had prefix ‘s’ added (ex. ejection fraction (EF) on stress as sEF), and at rest prefix ‘r’ (ex.

rEF).

svMVD: severe multi-vessel disease, HTN: hypertension, HL: hyperlipidemia, DM: diabetes mellitus, CKD: chronic kidney disease, MI

history: previous history of myocardial infarction, SRS/SSS/SDS: summed rest score/summed stress score/summed difference score in 17

segmental models, HR: heart rate (bpm: beats per minute), EDV: end-diastolic volume, ESV: end-systolic volume, EF: ejection fraction, PFR:

peak filling rate, TID: transient ischemic dilatation (ratio of sEDV and rEDV), OR: odds ratio, 95%CI: 95% confidence interval, and other

abbreviations are explained in Figure 1 legend.

P-values are the results of the univariate logistic regression. Non-applicable (NA) parameters were excluded because of multicollinearity in

the multivariate analysis. Statistical significance was set at p<0.05.



parameters is high and the importance for each is low, as in the

present study.

Study limitations

The sample size of svMVD was small, therefore we could

not set triple datasets (train-validation-test data). Because of

the lack of the external test data, we could not compare

statistical and ML models exactly, the possibility of overfitting

was not sufficiently excluded, and external validity of the ML

models was not robust. The pre-test probability of coronary
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Table 3 Predictive models for severe multi-vessel disease

AUC 95%CI of AUC

sMDSV 0.763 0.649-0.878

SSS 0.759 0.649-0.869

Light gradient boosting machine 0.87 0.839-0.902

Extra trees classifier 0.826 0.802-0.850

ACC Recall Precision F1-score 95%CI of F1 Log loss Cramer’s V

DM 0.555 0.533 0.103 0.186 NA NA 0.201

sMDSV ≥16 0.666 0.656 0.121 0.211 NA NA 0.418

SSS ≥14 0.704 0.703 0.121 0.208 NA NA 0.495

Light gradient boosting machine 0.921 0.500 0.375 0.429 0.372-0.486 2.653 NA

Extra trees classifier 0.941 0.500 0.500 0.500 0.431-0.569 2.065 NA

AUC: area under receiver operating characteristics (ROC) curve analysis, 95%CI: 95% confidence interval, ACC: accuracy, Recall:

sensitivity of the model, Precision: positive predictive value, F1-score: harmonic mean of recall and precision, sMDSV: maximum difference

among segmental time of stroke volume (difference between the earliest and the latest timing of end-systole in 17 segments) on stress, DM:

diabetes, SSS: summed stress score.

95%CI of F1 score was utilized to evaluate variability obtained from the 10-times machine learning trials. Log loss was calculated from the

10 times trial on ML models. Cramer’s V was calculated to estimate importance of statistical models for predicting severe multi-vessel

disease.

Figure 2 Interpretation of Feature importance on ML models.

Interpretation of Feature importance by SHapley Additive exPlanation (SHAP) method on two ML models. Left side: Plot of light

gradient boosting machine, Right side: Plot of extra trees classifier. Each point on the summary plot corresponds to a SHAP value for

a feature and an instance. Red point shows each case with severe multi-vessel disease (svMVD), and blue point shows no svMVD

case. On y-axis, features were sorted according to their importance; colour shows the feature value from low (blue) to high (red). On

the x-axis, the SHAP value was displayed, in which left side (minus value) shows negative and right side (plus value) positive impact.

Abbreviations are explained in Figure 1 legends, Table 2 footnote.



artery disease in the present study was higher than that in the

general population (9). Therefore, our ML predictive model

may be less applicable to the common population. Although

the ML predictive models demonstrated high AUC, F1-score

was relatively low. To improve F1-score, we might limit our

study population to patients without a history of myocardial

infarction. A cadmium-zinc-telluride gamma camera was used

in the present study, but the system was not common. We did

not adopt deep learning (neural network) as an ML model

because of its unstable reproducibility and overfitting to

training data. However, the use of deep learning models is

inevitable, and their application in svMVD prediction is

desirable.

Conclusions

ML on ECG-gated SPECT for severe MVD had a high

diagnostic performance compared with conventional statistical

prediction. Although the F1-score of ML models was not so

high because we could not exclude the cases with myocardial

infarction and heart failure, the AUC of ML models showed

higher than that of conventional statistical predictors. The

degree of end-systolic LV dyssynchrony on adenosine stress,

which was measured by ECG-gated SPECT, played an

essential role in building the ML models.
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